Highlights d V1 neurons projecting to higher visual areas AL and PM rarely make local connections d AL and PM projection neurons have different but overlapping response properties d Differences in their activity do not explain the lack of connections between them d Reduced local connectivity may apply to cells that do not share projection targets
INTRODUCTION
Uncovering the relationship between the connectivity and function of cortical neurons is fundamental to understanding the circuit mechanisms of information processing. While a neuron's receptive field, determined by the pattern of inputs it receives, defines a set of stimulus features that drive it to fire, its local and long-range axonal projections define its impact on other neurons. Recent work has begun to uncover the rules by which the receptive fields of excitatory neurons constrain their local connectivity. In layer 2/3, pyramidal neurons preferentially connect to neurons that receive common synaptic input (Morgenstern et al., 2016; Yoshimura et al., 2005) or respond to similar visual stimuli (Cossell et al., 2015; Ko et al., 2011; Lee et al., 2016) . However, little is known about how neurons' longrange projection targets relate to their local connectivity and functional properties.
Paired recordings of layer-5 pyramidal neurons indicate that connectivity between different projection classes is asymmetric (Brown and Hestrin, 2009; Kiritani et al., 2012; Morishima et al., 2011) . The large pyramidal-tract-type neurons in layer 5, such as corticospinal cells in motor cortex and corticocollicular cells in visual cortex, receive more input than they provide to intratelencephalic (IT) projection neurons (e.g., corticostriatal or corticocortical cells), suggesting that they integrate local input before broadcasting information to subcerebral motor-related structures. Whether similar rules govern the local connections of projection neurons targeting different cortical areas is not known.
Signals from primary sensory areas of the neocortex are distributed to downstream areas that work in parallel to deconstruct the sensory scene. Cortical projection neurons innervating different areas may already specialize in encoding different attributes of sensory input (Chen et al., 2013; Glickfeld et al., 2013; Kim et al., 2015; Lur et al., 2016; Movshon and Newsome, 1996; Sato and Svoboda, 2010; Yamashita et al., 2013) , suggesting that they comprise separate output channels subserving different sensory and behavioral functions.
In the mouse visual system, signals are relayed from primary visual cortex to a number of higher visual cortical areas (Garrett et al., 2014; Wang and Burkhalter, 2007; Zhuang et al., 2017) , which differ in their functional properties (Andermann et al., 2011; Marshel et al., 2011; Roth et al., 2012) . Among these, the anterolateral visual area (AL) specializes in processing fastmoving, low-spatial-frequency stimuli, while the posteromedial visual area (PM) responds primarily to high spatial frequencies.
The axonal boutons of V1 neurons in these areas share these biases (Glickfeld et al., 2013; Matsui and Ohki, 2013) . To understand how the long-range targets of V1 neurons that comprise these projections relate to their local connectivity, we measured the connection rates between neurons projecting to areas AL and PM using multiple whole-cell patch-clamp recordings. These recordings reveal that layer 2/3 neurons tend to make connections with cells projecting to the same long-range target, while connections between cells projecting to different areas are rare. These observations show that the long-range projection target of corticocortical neurons may constrain their potential local synaptic partners.
We have previously observed that local connectivity of pyramidal neurons in mouse V1 is correlated with their selectivity for visual stimuli (Cossell et al., 2015; Ko et al., 2011) . To examine how the specific connectivity of AL and PM projection neurons relates to their visual response properties, we recorded the activity of these cell populations simultaneously in awake mice using two-photon calcium imaging. Although they differed in their speed tuning and direction selectivity, both populations were highly heterogeneous in their visual responses. The activity patterns of cell pairs projecting to the same area tended to be more similar than of those projecting to different ones. However, these differences were not sufficient to explain the segregated connectivity of these populations, suggesting that other mechanisms play a role in preventing crosstalk between different projection neuron populations.
RESULTS

V1 Projections to Areas AL and PM Originate from Largely Non-overlapping Populations of Neurons
To what extent do V1 projections to areas AL and PM originate from distinct populations of neurons? To answer this question, we injected the tracer choleratoxin B or retrograde pseudorabies virus (PRV) (Oyibo et al., 2014) into these areas ( Figure S1 ), identified using intrinsic signal imaging, and examined the distribution of retrogradely labeled neurons in V1 ( Figures 1A-1D ; 80 slices from 5 mice). Cells labeled with both tracers, and therefore projecting to both higher visual areas, were rare (Figures 1C and 1D; 4, 612 PM-only projection neurons, 2,664 AL-only projection neurons, and 127 AL and PM projection neurons; Figure S2 ), consistent with recent single-cell tracing experiments (Han et al., 2018) . Therefore, AL-and PM-projecting neurons in V1 comprise intermingled, largely non-overlapping populations. (G) An example of membrane potential recordings from four simultaneous recorded cells in current-clamp mode. Two AL projection (AL1, AL2) and two PM projection (PM1, PM2) neurons were targeted, and 5 brief step currents were injected into each cell to evoke action potentials. A reciprocal excitatory connection was found between cells AL1 and AL2. Gray traces indicate presynaptic spikes evoked by current injections and black traces indicate corresponding postsynaptic voltage responses. Sharp transients in traces of AL2 and PM2 are capacitative artifacts.
(H) Rates of connectivity (connection probability) between AL and PM projection neurons. Connection probabilities between neurons projecting to different targets were significantly lower than those projecting to the same target (** p < 0:01, * p < 0:05 from Fisher's exact test).
(I) Magnitude of excitatory post-synaptic potentials (EPSPs) between connected AL and PM projection neurons. Black lines indicate medians. (J-L) Euclidian (J), cortical plane (K), and laminar (L) distances measured on the tip of patch pipettes after recordings for patched AL and PM projection neuron pairs in slice. Error bars denote 95% confidence intervals.
Reduced Connectivity between AL and PM Projection
Neurons in Layer 2/3 of Primary Visual Cortex Excitatory neurons in layer 2/3 form synaptic connections with only a small fraction of nearby neurons that share their visual preferences (Cossell et al., 2015; Ko et al., 2011; Lee et al., 2016) . To understand if the projection target of layer 2/3 neurons in V1 further constrains their local connectivity, we measured the connection rates between different populations of corticocortical projection neurons in layer 2/3. After functionally mapping V1 and surrounding cortical areas using intrinsic signal imaging (see STAR Methods), we injected the fluorescent retrograde tracer cholera toxin B (CTB) conjugated with AlexaFluor-488 and AlexaFluor-594 into areas AL and PM ( Figure 1E ; see STAR Methods). After allowing at least 3 days for the retrograde transport of the tracers, we assessed the connectivity of retrogradely labeled AL and PM projection neurons in layer 2/3 of V1. We targeted up to six neurons for simultaneous whole-cell patch-clamp recording in acute slices (Figures 1F and 1G) to access their synaptic connectivity, strength, and intrinsic membrane properties (Cossell et al., 2015; Hofer et al., 2011; Ko et al., 2011; Song et al., 2005) .
The overall connectivity rate of retrogradely labeled neurons was 13.1% (51/388), consistent with previous reports for randomly sampled pyramidal neurons in layer 2/3 of neocortex (Cossell et al., 2015; Ko et al., 2011; Lefort et al., 2009 ). However, AL projection neurons were less likely to provide input to PM projection neurons than to other AL projection neurons ( Figure 1H , p = 0:0002, Fisher's exact test). Similarly, connections from PM to AL projection neurons were less common than between PM projecting cells ( Figure 1H , p = 0:01, Fisher's exact test). There was no significant difference in distances between the somata of AL-AL and AL-PM pairs ( Figure 1J , median 69.5 mm and 64.0 mm, respectively, p = 0:66). AL-PM pairs tended to be further apart than PM-PM pairs as measured by their absolute distance (median 64 mm and 48 mm, p = 0:024) as well as laminar separation ( Figure 1L , median 32 mm and 18 mm, p = 0:003). We used logistic regression to determine whether the rate of connections between neurons in our dataset was influenced by their spatial separation and whether or not they projected to the same target (STAR Methods). Euclidean ðp = 0:75Þ, cortical plane ðp = 0:66Þ, and interlaminar distance ðp = 0:73Þ were not significantly related to connection probability, while the effect of projection target persisted when controlling for these parameters ðp = 0:0002Þ. In fact, none of the 44 AL-PM pairs in our sample closer than 48 mm, the median separation of PM-PM pairs, were connected. This analysis confirms that cell-type identity and not cell separation contributes to the low rate of connections between AL and PM projection neurons.
The difference in connection frequency between cells projecting to the same and different targets could result from either preferential connectivity between the former or reduced connectivity between the latter. To distinguish between these possibilities, we compared the rates of connectivity between AL and PM projection neurons to the previously reported connectivity rate for pyramidal cells recorded under similar conditions with no knowledge of their projection target (75/520 pairs; Cossell et al., 2015) . Connections from AL to PM projection neurons and from PM to AL projection neurons were under-represented (p = 0:0044, and p = 0:0137 respectively, Fisher's exact test) compared to randomly sampled neurons. On the other hand, connectivity rates between pairs projecting to the same target were not significantly different from the reference rate (p = 0:055 for AL-AL pairs, p = 0:48 for PM-PM pairs, Fisher's exact test). This analysis suggests that the differences in connectivity rates we observed between different populations of projection neurons are the result of an exclusion rule that decreases the probability of connections between neurons projecting to different targets and not a result of increased connectivity between pairs projecting to the same target.
The amplitude of excitatory postsynaptic potentials between connected PM projection neurons was similar to that of AL projection neuron pairs (p = 0:10, two-sided Wilcoxon rank-sum test; Figure 1I ). Due to the rarity of connections between AL and PM projection neurons, no conclusion could be made about their connection strength. Finally, we found no statistical difference in intrinsic membrane properties of AL and PM projection neurons in L2/3 ( Figure S3 ) or short-term plasticity (paired pulse ratios) of postsynaptic responses of AL and PM neurons (30 Hz, 5 ms pulse stimulation; AL to AL, 0:92 ± 0:39, n = 26; PM to PM, 0:92 ± 0:61, n = 11; AL to PM, 1:05 ± 0:22, n = 3; PM to AL, 0:94 ± 0:19, n = 4; means ± standard deviations). These values are comparable to findings reported previously (Maravall et al., 2004; Oswald and Reyes, 2008) .
In summary, AL and PM projection neurons in V1 have similar biophysical properties but differ in their patterns of local connectivity. They form restricted subnetworks with little synaptic crosstalk, preferentially making synaptic connections with neurons projecting to the same target.
AL and PM Projection Neurons Have Overlapping but Distinguishable Visual Responses
How do the mutually exclusive subnetworks of AL and PM projection neurons differ in their responses to visual stimuli? To answer this question, we simultaneously imaged the activity of these cell populations in awake mice passively viewing grating stimuli. After identifying areas AL and PM using intrinsic signal imaging, we used PRV-Cre (Oyibo et al., 2014) and CTB conjugated with AlexaFluor-647 to back-label V1 neurons projecting to these areas (Figures 2A and 2B ). Meanwhile, we expressed GCaMP6f broadly in V1 neurons. We then imaged brain volumes spanning 320-420 mm across and 80 mm in depth 100-300 mm below cortical surface while tracking animals running behavior and eye movements ( Figure S4 ).
To characterize the selectivity of AL and PM projection neurons for different attributes of visual input, we varied the spatial and temporal frequency (SF and TF) of the grating stimuli over 6 octaves ( Figure 2C ). Neurons in both subpopulations were highly heterogeneous and spanned the full range of spatial and temporal frequency preference and direction selectivity (Figure 2D ; 235 PM cells from 22 sessions in 9 mice; 320 AL cells from 22 sessions in 8 mice). However, they were quantitatively different in several respects. First, PM projection neurons tended to prefer high-spatial-frequency stimuli (Figures 2E and 2G, p = 0:025, Wilcoxon rank-sum test), while AL projection neurons preferred high-temporal-frequency ðp = 0:0064Þ and high-speed stimuli (Figures 2F and 2H-2I, p = 6 3 10 À5 ). In addition, reminiscent of MT projection neurons in macaque area V1 (Movshon and Newsome, 1996) , cells targeting area AL tended to be more sensitive to the direction of motion ( Figure 2J , p = 1:7 3 10 À5 ). While the direction of these effects is consistent with previously reported visual response properties of axonal boutons of V1 neurons in areas AL and PM (Glickfeld et al., 2013; Matsui and Ohki, 2013) , the distributions of response Examples were selected to reflect the range of their spatial frequency tuning. (E and F) Mean spatial and temporal frequency tuning at preferred direction for PM (E, n = 235 cells) and AL (F, n = 320 cells) projection neurons. (G-J) Preferred spatial frequency (G, p = 0.025, Wilcoxon rank-sum test), temporal frequency (H, p = 0.0064), speed (I, p = 6 3 10 À5 ), and direction selectivity index (DSI, J, p = 1:7 3 10 À5 ) for AL (orange) and PM (blue) projection neurons. Triangles show medians. (K) Example raster of responses of PM (blue) and AL (orange) projection neurons sorted based on correlation with pupil diameter. (L) Responses of AL projection neurons have subtly higher partial correlations with pupil diameter, controlling for running speed (p = 7:9 3 10 À5 , 1,112 PM and 914 AL projection neurons). (M) Responses of AL projection neurons have subtly higher partial correlations with running speed, controlling for pupil diameter ðp = 7:4 3 10 À5 Þ.
properties of individual AL and PM projection neurons overlapped extensively. This overlap was independent of the cell inclusion criteria and persisted if the analysis was restricted to the most responsive subset of both populations ( Figure S5 ).
Spatial and temporal frequency preference is weakly topographically organized in mouse V1 (Ji et al., 2015) . Differences in topographic location between imaging sessions could serve as a potential source of heterogeneity of AL and PM projection neuron responses and obscure differences between them. On the other hand, the biases in tuning of AL and PM projection neurons could arise as a consequence of differences in the density of these populations across V1. To determine how variation in imaging location influenced our estimates of selectivity of these populations, we subtracted the median preferred SF, TF, speed, and DSI of unlabeled neurons in each recording from our estimates of these parameters for projection neurons ( Figures S6A-S6D ). Compared to the median of the local population, AL projection neurons had significantly higher DSI (p = 0:000004, sign-rank test), while PM projection neurons had higher preferred spatial frequency (p = 0:0002, sign-rank test) and lower preferred speed (p = 0:03, sign-rank test). After correcting for local biases in tuning, AL projection neurons preferred lower spatial frequencies (p = 0:0007, rank-sum test) and higher speeds (p = 0:003, ranksum test) than PM projection neurons. The distributions of response properties of individual AL and PM projection neurons still overlapped extensively after correcting for local population biases, showing that variation of imaging location does not contribute to their apparent heterogeneity.
The analysis above used parametric fits of direction and temporal and spatial frequency preference, assuming that tuning for spatial and temporal frequency and direction are independent and the response of the cell is proportional to the product of direction, SF, and TF tuning. If this assumption were incorrect, it could skew the estimates of stimulus preference. An alternative, non-parametric analysis generated similar estimates of SF, TF, and direction tuning of projection neurons ( Figure S7 , see STAR Methods), confirming the overlap in their visual selectivity.
Behavioral state modulates the responses of neurons in mouse V1 (Niell and Stryker, 2010) . To determine whether AL and PM projection neurons are differentially modulated by behavioral parameters, we examined the relationship of their responses with running speed and pupil diameter ( Figure 2K ). Since running speed and pupil diameter are themselves correlated with each other, to disambiguate their effects, we calculated the partial correlation of single-cell responses with each of these two parameters while controlling for the other. Responses of AL projection neurons were more strongly correlated with both pupil diameter and running speed ( Figures 2L and 2M ). However, just as for visual selectivity, the correlation distributions of individual AL and PM projection neurons were broad and heavily overlapping.
In summary, while there are significant biases in tuning of AL and PM projection neurons, with AL projection cells preferring fast-moving stimuli and PM neurons responding to highspatial-frequency stimuli, both populations span the full range of stimulus selectivity of V1 neurons.
Response Correlations of AL and PM Projection Neurons Do Not Explain Their Reduced Connectivity
In layer 2/3 of mouse V1, pyramidal neurons that show correlated responses to visual stimuli are more likely to connect to each other (Cossell et al., 2015; Ko et al., 2011) . Could the similarity of responses of cell pairs projecting to the same long-range target explain the exclusive local connectivity of AL and PM projection neurons? Simultaneous recordings of AL and PM projection neurons allowed us to directly test this hypothesis. We first compared the overall similarity of activity patterns by calculating Pearson's correlation coefficient of fluorescence traces between pairs of cells ( Figure 3A) . Across the population, correlations decayed with separation between cell pairs ( Figure 3B ) (Lur et al., 2016; Ringach et al., 2016) . Correlations of cell pairs projecting to the same long-range target showed the same pattern as unlabeled neurons. On the other hand, pairs of cells projecting different long-range targets were less correlated than either unlabeled cell pairs or pairs projecting to the same target. These results parallel the relative absence of local connections between AL and PM projection neurons observed in vitro ( Figure 1H ).
To determine whether this observation could be explained by differences in tuning between AL and PM projection neurons, we compared their signal correlations, computed as the correlation coefficient of mean responses across stimulus types, and noise correlations, defined as the correlation of trial-to-trial deviation in responses from the mean (Figures 3C and 3D; see STAR Methods). Although cells projecting to the same long-range target had higher signal correlations than cells targeting different areas, this difference was more pronounced for noise correlations, suggesting that it is the trial-to-trial variability in responses of projection neurons and not their visual selectivity that gives rise to the reduced correlations of cell pairs projecting to different targets.
We used two complementary approaches to determine whether the lower correlations of AL-PM projection neuron pairs could explain the low rate of connectivity between them. The first approach used the previously reported relationship between synaptic connectivity and response correlation ( Figure 3E ; Cossell et al., 2015; Ko et al., 2011) to estimate the expected connectivity rates of these subpopulations (see STAR Methods). In the second, more stringent approach, we selected a connectivity rule that minimized the rate of connectivity between AL-PM pairs while maintaining the overall connectivity at the observed rate ( Figure S8 ; see STAR Methods). We then estimated the connection probability for individual cell pairs using these connectivity rules as a lookup table and then averaged these values across each population. Although the mean correlations were lower for cell pairs projecting to different targets ( Figure 3F ), their correlation distributions overlapped extensively ( Figure 3G ). Consequently, predicted connectivity rates were similar for different cell populations ( Figure 3H ). Importantly, observed connectivity for cell pairs projecting to different long-range targets was significantly lower than predicted by their response correlations even using the stringent connectivity rule selected to minimize the rate of AL-PM connections (p = 0.0025, binomial test).
The overlap of correlation distributions of cell pairs projecting the same or different long-range targets persisted across all tested stimulation conditions ( Figures S9A-S9L ), including natural image and natural movie presentation, closed loop navigation of a virtual corridor, and darkness as well as when analysis was restricted to pairs with robust responses to grating stimuli ( Figures S9M-S9Q ). Correlations of pairs projecting to different targets were not substantially reduced under any of these conditions. These observations suggest that differences in visual response selectivity alone cannot explain the lack of connections between AL and PM projection neurons and that other mechanisms must play a role in establishing the almost exclusive connectivity of these projection neurons in mouse V1.
DISCUSSION
Specific Connectivity of AL and PM Projection Neurons
By examining the local connectivity of V1 neurons projecting to areas AL and PM, we observed that connections between neurons projecting to different targets were rare and significantly less frequent than between those projecting to the same target or randomly sampled neurons. Asymmetric connectivity has previously been described for different classes of layer 5 projection neurons (Brown and Hestrin, 2009; Morishima and Kawaguchi, 2006; Morishima et al., 2011 ), but has not been examined for corticocortical neurons projecting to different cortical areas.
Recent work has identified similarity of visual responses as the prime predictor of local synaptic connectivity between pyramidal cells in mouse V1 (Cossell et al., 2015; Ko et al., 2011) . However, the functional properties of AL and PM projection neurons were heterogeneous and overlapped extensively. As a consequence, the expected rate of connectivity between these populations was substantially higher than we observed, suggesting that projection target acts in parallel to response similarity in constraining local connectivity of cortical neurons. One possibility is that AL and PM projection neurons are hard-wired to avoid making connections with neurons projecting to the other target by their molecular makeup. This would imply that the molecular identity of pyramidal neurons regulates the selection of their local as well as long-range connections.
Do other populations of corticocortical projection neurons also avoid making connections with neurons projecting to other areas? Further work is required to determine the extent to which the projections from V1 to other higher visual areas (Wang and Burkhalter, 2007) constitute distinct, nonoverlapping populations (Han et al., 2018) and how these targets constrain their local connectivity. Single-cell projection patterns of V1 neurons show that V1 cells often project to multiple higher-order areas (Han et al., 2018) . However, the projection motif targeting both AL and PM is uniquely underrepresented, suggesting that the reduced connectivity rule we identified may be a property of populations of neurons that do not share projections to common targets. This raises the possibility that a shared set of molecular mechanisms may govern the specification of both local and long-range projections of cortical neurons.
Functional Specialization of Projections to Higher Visual Areas
By analogy with dorsal and ventral streams of visual processing in primates (Nassi and Callaway, 2009 ), it has been proposed that projections from mouse V1 to areas AL and PM are specialized for extracting different types of information from the visual scene (Glickfeld et al., 2013; Wang et al., 2011) . Although neurons projecting to areas AL and PM are biased to different preferred speeds and different temporal and spatial frequencies, both projections are highly heterogeneous. It therefore seems more probable that both of these projections relay a complete representation of the visual scene that is tailored to the computational needs of different target areas.
Correlated Responses of AL and PM Projection Neurons
We showed that responses of V1 pyramidal neurons projecting to the same long-range target tend to be weakly positively correlated, whereas cell pairs projecting to different targets have lower correlations than randomly sampled neurons. These correlations arise primarily from shared trial-to-trial variability in neuronal responses rather than differences in stimulus selectivity between different projecting populations. These observations parallel the connectivity of these cell populations and suggest that the decreased correlations between AL and PM projection neurons are a consequence of the dearth of synaptic connections between them. In essence, the lack of connections between these subpopulations appears to functionally insulate them, preventing the fluctuations in activity one population from influencing the other.
What is the impact of these correlations on sensory coding by V1 projection neuron populations? It seems reasonable to assume that higher noise correlations among neurons projecting to a particular area would limit the potential information bandwidth of that pathway. However, as recent work has demonstrated that the effects of noise correlations on information coding cannot be readily inferred from pairwise measurements (Moreno-Bote et al., 2014) , this question warrants further investigation.
What is the computational benefit of the restricted connectivity of AL and PM projection neurons, given their extensive functional overlap? The low rate of recurrent connections between AL and PM projection neurons could allow top-down signals to modulate their activity independently. Reduced noise correlations between these cell populations may be a signature of this modulation. It has recently been shown that feedback projections from areas AL and PM preferentially modulate the activity of low-and high-spatial-frequencypreferring neurons in V1, respectively (Huh et al., 2018) . The tuning of these populations reflects the biases in tuning of AL and PM projection neurons, raising the possibility that connections from areas AL and PM preferentially target V1 neurons that provide input to these areas. We suggest that restricted recurrent connectivity of different populations of projection neurons may allow primary visual cortex to dynamically route information via independent modulation of these output channels by such targeted top-down signals. Characterizing how the activity of V1 projection neurons is shaped by behavioral demands will help identify the circumstances that lead to their selective recruitment. This view extends the function of recurrent connections in layer 2/3 beyond acting purely to amplify feed-forward responses (Cossell et al., 2015; Douglas et al., 1995; Lien and Scanziani, 2013) , and it suggests that they also play a role in shaping the output of different projection neuron populations.
STAR+METHODS
Detailed methods are provided in the online version of this paper and include the following: 
EXPERIMENTAL MODEL AND SUBJECT DETAILS
All experiments were conducted in accordance with institutional animal welfare guidelines and licensed by the Swiss cantonal veterinary office. For in vitro recordings, we used wild-type C57BL/6 mice of both sexes aged between 27-35 days at the time or recording. For in vivo imaging experiments, we used Ai9 and Ai14 LSL-tdTomato mice of both sexes at least 8 weeks of age.
METHOD DETAILS
Animals and surgical procedures Animals were anaesthetized with 5 mg/kg midazolam, medetomidine 0.5 mg/kg, and 0.05 mg/kg fentanyl and a metal headplate was implanted exposing the skull over the right visual cortex. The skull was covered with transparent cement to prevent infection. After recovery from the implant surgery, mice were prepared for intrinsic imaging as previously described (Roth et al., 2016) . Square full contrast gratings of random orientation (0.08 cycles per degree) moving at 4 Hz were presented to the left eye within a circular aperture 25 + in diameter at 0 + elevation and 60 + or 90 + azimuth on a gray screen for 2 s at a time with an 18 s inter-stimulus interval. Response maps to the apertures at either position were used to identify the location of areas AL and PM.
At least a day after the intrinsic imaging session, animals were anaesthetized with midazolam / medetomidine / fentanyl anesthesia and retrograde tracers (Cholera Toxin B conjugated to AlexaFluor-488 and AlexaFluor-594 for in vitro experiments, Cholera Toxin B conjugated to AlexaFluor-647 and PRV-Cre for in vivo experiments) were injected into retinotopically matched locations in areas AL and PM localized using the intrinsic response maps. Two of 6 mice used for the additional correlation measurements in Figure S9 were also injected with AAV hSyn-ChrimsonR-tdTomato in AL or PM. Photostimulation was not conducted during the experiments presented here.
For in vivo calcium imaging, AAV hSyn-GCaMP6f was injected into area V1. 7-10 days after the injections, a craniotomy 4 mm in diameter was made exposing the visual cortex under midazolam / medetomidine / fentanyl anesthesia. A glass coverslip (4 mm diameter, 0.17 mm thickness) was implanted for chronic calcium imaging. REAGENT 
Histology
To quantify the distribution of AL and PM projection neurons in V1, mice injected with retrograde tracers were deeply anaesthetized with sodium pentobarbital and transcardially perfused with 4% paraformaldehyde. The brains were extracted and post-fixed overnight before being prepared for sectioning and imaging using the TissueCyte serial two-photon tomography system. For quantification of the distribution of AL and PM neurons in Figure 1 , we used two mice injected with Cholera Toxin B AlexaFluor-647 in AL and PRV-Cre in PM, which were previously used for in vivo imaging, two mice injected with Cholera Toxin B AlexaFluor-594 in AL and Cholera Toxin B AlexaFluor-488 in PM, and one mouse injected with Cholera Toxin B AlexaFluor-488 in AL and Cholera Toxin B Alex-aFluor-594 in PM. We limited our quantification to regions of V1 where AL and PM retrograde labeling overlapped.
In vitro whole-cell patch-clamp recording Electrophysiological recordings in brain slices were performed in mice of both sexes, aged between 27-35 days. After mice were lightly anesthetized with sodium pentobarbital and transcardially perfused with a cold choline chloride based solution containing (in mM): 110 choline chloride, 25 NaHCO 3 , 25 D-glucose, 11.6 sodium ascorbate, 7 MgCl 2 , 3.1 sodium pyruvate, 2.5 KCl, 1.25 NaH 2 PO 4 , and 0.5 CaCl 2 (Bureau et al., 2006) with $325 mOsm. Visual cortex slices (300-350 mm thickness) were cut coronally on a vibrating blade microtome (VT1200S, Leica Biosystems) with the same choline chloride based solution bubbled with 95% O 2 /5% CO 2 . Then, the brain slices were incubated at 34 o C for 20-40 min with artificial cerebrospinal fluid (ACSF) solution containing 125 mM NaCl, 2.5 mM KCl, 1 mM MgCl 2 , 1.25 mM NaH 2 PO 4 , 2 mM CaCl 2 , 26 mM NaHCO 3 , 25 mM D-glucose; 315-320 mOsm adjusted by adding the amount of D-glucose, bubbled with 95% O 2 /5% CO 2 , pH 7.4. Afterward, the brain slices were continuously maintained at room temperature before being transferred to the recording chamber.
In vitro patch-clamp recordings were performed with a Scientifica multiphoton imaging microscope and a mode-locked Ti:sapphire laser (Vision-S, Coherent) at 780 nm with a Nikon 16x water-immersion objective (NA 0.8). Scanning and image acquisition were controlled by SciScan (Scientifica) and custom software written in LabVIEW (National Instruments). Recording pipettes were mounted on remote-controlled motorized micromanipulators (MicroStar, Scientifica). Recording pipettes were made using thick-walled filamentous borosilicate glass capillaries (G150F-4, Warner Instruments) using a horizontal puller (P-1000, Sutter Instrument) adjusted to produce pipette resistance of 7-8 MOhm with a long taper when filled with intracellular solution in 34 o C ACSF. The potassium based internal solution containing 5 mM KCl, 115 mM K-gluconate, 10 mM HEPES, 4 mM Mg-ATP, 0.3 mM Na-GTP, 10 mM Na-phosphocreatine, 0.1% w/v Biocytin; osmolarity 290-295 mOsm, pH 7.2 was used. Liquid junction potentials were not corrected.
Projection neurons were targeted under visual guidance using customized laser-scanning Dodt contrast imaging system modified with Scientifica microscope, and simultaneous two-photon imaging for detection of AlexaFluor-488 and -594 fluorescence in labeled neurons. Whole-cell patch-clamp recordings were carried out from up to 6 cells simultaneously at $34 o C, using Multiclamp 700B amplifiers (Axon Instruments) and custom-written MATLAB software (MathWorks). To test for the presence of synaptic connections, five presynaptic spikes by current injections at 30 Hz were evoked in each cell sequentially ( Figure 1G) , repeated 20 to 150 times, while searching for corresponding postsynaptic responses.
In vivo two-photon calcium imaging Unless otherwise noted, awake mice were head-fixed and allowed to run on a styrofoam wheel. A rotary encoder monitored rotation of the wheel, while a camera recorded eye movements and pupil dynamics. Signals from the rotary encoder and eye camera were acquired using custom LabVIEW software (National Instruments). A monitor (47 cm wide) was placed 22 cm away from the eye spanning a field of view of 122 degrees. Monitor position was adjusted such that the center of the screen matched the preferred retinotopic location of the imaging site, as judged by two-photon fluorescence responses to grating patches flashed at different locations on the screen.
Fluorescence signals were recorded using a ThorLabs B-Scope 2 resonant scanning two-photon microscope with a Nikon 16x water-immersion objective (NA 0.8) operated using ScanImage 5.1 software. Volumes of 8 frames spanning 80 mm in depth and 320-420 mm in X/Y were acquired at 3.75 Hz using a piezo focuser (PI P-726). For identification of retrogradely imaged neurons, reference volumes of AlexaFluor-647 fluorescence were imaged at 830 nm with a 676/29 nm emission filter (Semrock), while tdTomato fluorescence was imaged at 930 nm with a 607/70 nm emission filter (Semrock). GCaMP6f fluorescence was visible at both wavelengths and was used to align the reference volumes. For functional imaging, GCaMP6f fluorescence was imaged using 930 nm excitation at 10-30 mW with a 520/40 nm emission filter (Chroma).
To prevent the light from the monitor from interfering with imaging, the monitor backlight was controlled by a custom electronic circuit and only switched on during the turn-around of the resonant X mirror. For spatial and temporal frequency tuning measurements in awake mice, full field sinusoidal gratings of 6 spatial frequencies, 6 temporal frequencies and 8 directions were interleaved randomly and presented without gaps for 6-8 repetitions. Each grating first remained stationary for 2.1 s (8 volumes), before moving for 2.1 s (8 volumes).
Natural images were presented as previously described (Cossell et al., 2015) . Animals were maintained under light anesthesia by isoflurane (0.3-0.5%) in a 60:40% mixture of O 2 :N 2 O. Natural images (1800-1980 individual images) were presented at 1.4 s intervals (0.4 s presentation time, interleaved by 1 s gray screen). Natural movies (30 s duration) were presented to awake or lightly anaesthetized mice interleaved with at least 10 s of gray screen. In virtual corridor recordings, two monitors were positioned on either side of the mouse and optic flow was coupled to movement of the wheel as mouse traversed a corridor lined with oriented grating or geometric patterns (rectangles, circles or triangles). In a small subset of these recordings, a soya milk reward was delivered at set locations within the corridor. In darkness recordings, mice were allowed to run freely with the monitors turned off. Virtual corridor and darkness recordings lasted 15 to 30 and 17 to 26 min respectively.
To limit the time mice spent head-fixed under the microscope, we only presented 2-5 repetitions of the grating stimulus set in experiments including awake natural movie, virtual corridor and darkness recordings. Projection neurons imaged during these experiments were included in the correlation analysis but not in the tuning analyses.
QUANTIFICATION AND STATISTICAL ANALYSIS
In vitro whole-cell patch-clamp recording Connection probabilities were calculated as the number of connections detected over the number of potential connections assayed. Monosynaptic connections were identified when the membrane potential of the postsynaptic cell 7.8-12.8 ms following presynaptic stimulation was significantly greater than in the 5 ms preceding it (Wilcoxon signed rank test p < 0.01; excluding the time period of electrical stimulus artifacts, e.g., between AL2 and PM2 in Figure 1G ) and the latency of the peak postsynaptic response was consistent across 5 presynaptic pulses.
Paired pulse ratio was calculated as the amplitude of the 2nd postsynaptic response divided by the amplitude of 1st postsynaptic response with 5 presynaptic spikes (30 Hz). For intrinsic membrane properties of AL and PM projection neurons, step currents from À50 pA to 900 pA at 50 pA increments for 1 s were injected to determine I-V relationship ( Figures S3A and S3B) . Detailed definitions and protocols are shown in the figure legends.
To analyze the relationship between connectivity, cell type and distance between patched pairs, we fit the following logistic regression model using glmfit in MATLAB:
where c is connection probability, d e , d xy , and d z are euclidean, cortical plane, and laminar distances, t = 1 iff both cells project to the same target and is 0 otherwise. We fit this model on the subset of the data, where we had recorded all of the distance measures, which included 118 AL-AL pairs (27 connected In vivo two-photon calcium imaging To estimate pupil diameter, we used the following procedure: 1) binarize eye camera images with a manually selected threshold; 2) detect edges using Canny method and smooth them with 1 pixel Gaussian filter; 3) fill smoothed edges; 4) remove regions smaller than 100 pixels and those whose perimeter squared to area ratio is large (>1:234p or >1:5 3 4p); 5) if no regions are remaining, abort the fitting procedure; otherwise, fit an ellipse to the largest remaining region, optimizing the sum of orthogonal distances from its edges to the fitted ellipse. Pupil diameter was estimated as the major axis of the ellipse fit. The pupil trace was then inspected manually to identify instances where pupil diameter could not be reliably estimated due to eye blinks, grooming, or other artifacts. These events could be readily identified in pupil traces as unphysiologically rapid changes in the estimated pupil diameter, and were removed from analysis in Figures 2L-2M . Two-photon imaging frames were registered using a phase-correlation algorithm, ROIs were selected and fluorescence time series were extracted. Projection neurons labeled with AlexaFluor-647 and tdTomato were identified manually. To correct for bleaching, fluorescence traces were high-pass filtered at 0.0019 Hz. To correct for neuropil contamination, we used the residuals of robust linear regression of each fluorescence trace against neuropil fluorescence within 35 mm of each cell.
To characterize the direction, spatial and temporal frequency tuning of individual cells, we fit their responses as the product of a double Gaussian in direction space and a 2D Gaussian in spatial and temporal frequency space with arbitrary orientation. If SF pref and TF pref are the preferred spatial and temporal frequency of the cells, and a is the orientation of the SF/TF tuning Gaussian, let Dx and Dy be defined as:
Dx Dy
!
= cos a sin a Àsin a cos a ! SF À SF pref TF À TF pref ! The response R is then described as: where s x and s y describe the tuning width of SF/TF Gaussian, Q is the relative magnitude of the response to the null direction (constrained between 0 and 1), q pref is the preferred direction, s Dir is the width of the direction tuning, R max is the response at preferred spatial, temporal frequency, and direction, C is an offset, and wðqÞ wraps angles onto the interval between 0 and p: wðqÞ = minfjq j ; jq + 2p j ; jq À 2p j g
We determined the values of the fit parameters that minimized the square error of the predicted response using lsqnonlin in MATLAB. For the analysis of tuning properties of AL and PM projection neurons in Figure 2 , we selected robustly responsive and orientation tuned neurons (R 2 of the fit >0:1, width of direction tuning s Dir < 40 degrees, which included 35% and 21% of AL and PM projection neurons, respectively). We also removed duplicate ROIs imaged in multiple imaging planes, identified as having similar (Pearson correlation >0:5) spatial masks and activity patterns. We reached similar conclusions if we included all AL and PM projection neurons, or increased the R 2 cutoff to 0.4 (including 9% and 4% of AL and PM projection neurons, respectively, Figure S5 ). For display purposes, extreme bins of the histogram panels include cells with preferred speed, spatial or temporal frequency outside of the plotted range.
We computed DSI as the vector strength of response for spatial and temporal frequency that evoked the maximum mean response, after subtracting the minimum response across all orientations:
The fitting procedure described above assumes that tuning spatial, temporal frequency, and direction are independent of each other. If this assumption is incorrect, it may skew our estimates of stimulus preference and obscure potential differences between projection neuron classes. To control for this possibility, we used a complementary non-parametric approach to characterize the cells' responses. Simply selecting the stimulus type that evoked the maximum response is heavily influenced by outlier trials. Instead, we first fit the fluorescence responses using Gaussian process (GP) regression model. Conceptually, response predictions from GP regression can be thought of weighted averages over the training data, with weights depending on the similarity of the test and training stimuli. Similarity is defined by a kernel function, whose parameters are learnt during training. The model makes no assumption about the relationship between stimulus parameters and fluorescence responses other than that responses change smoothly as a function of stimulus.
Fitting the GP regression model comes down to estimating the parameters of the kernel function kðx i ; x j Þ, which defines the covariance of the fluorescence responses as a function of the similarity of stimuli x i and x j , defined by their spatial frequencies SF i and SF j , temporal frequencies TF i and TF j , and directions q i and q j . We use a product of a squared exponential (SE) kernel for spatial and temporal frequencies and a periodic kernel for direction:
Length scale parameters [ SF , [ TF , and [ q determine how quickly kðx i ; x j Þ declines with difference in spatial frequency, temporal frequency, and direction, respectively, and can be thought of as tuning width. Variance parameters s 2 k and s 2 ε correspond to the stimulus-dependent and stimulus-independent (i.e., noise) components of the response. d ij is Kronecker delta and is one iff i = j and zero otherwise. Optimization is accomplished by maximizing the likelihood pðr j XÞ of observed fluorescence responses r given the set of stimuli X.
GP regression offers several advantages for modeling neuronal responses. First, its predictions are probabilistic, estimating the mean as well as the variance of the response. This offers convenient metric for assessing responsiveness of single neurons, since we can quickly compute the ratio of the model estimate of the mean and standard deviation of a cells' fluorescence at its preferred stimulus. Second, the optimization precedure implicitly takes model complexity into account, reducing the risk of overfitting. Finally, the model can be readily extended to incorporate predictors which may be challenging to model using parametric approaches. In our analysis, we included running speed, extending kðx i ; x j Þ as follows:
s i and s j were the mean running speed during the moving grating phase of stimuli x i and x j and [ s is the length scale of the running response.
The GP model was implemented using the gpflow library in Python (Matthews et al., 2017 After optimizing the kernel parameters, we searched for the stimulus parameters that evoked the maximum response. To do this, we computed the predicted response at rest (running speed s = 0) while varying drift directions in 90 + increments, and spatial and temporal frequencies in increments of 0.1 octaves. Having determined preferred spatial and temporal frequency in this manner, we refined the estimate of preferred direction at the best spatial and temporal frequency. Finally, we determined the preferred running speed, at which the best stimulus evoked the strongest response, and recomputed spatial, temporal frequency and direction tuning curves at the preferred running speed. To measure DSI, we computed vector strength on model fits at the preferred spatial and temporal frequency as described above. To identify responsive neurons, we computed a signal to noise ratio:
b r best and d Var best are the predicted mean and variance of the response to the best stimulus at the preferred running speed. We used cells with SNR > 5 to compare the tuning preferences of AL and PM projection neurons.
To calculate total correlations we first computed the Pearson correlation coefficient of single frame fluorescence responses during each imaging stack, corresponding to a single repetition of the grating stimulus set or 180 natural images. We then averaged these values for all imaging stacks of a given stimulus type. Correlations of unlabelled cell pairs in Figure 3B were computed on a randomly selected sample of up to 100 cells per imaging session. Sample sizes for correlation measurements under different stimulus conditions are listed in Table S1 . Signal correlations were computed as the Pearson correlation coefficient of the mean response traces to the moving grating of each type. To calculate noise correlations, we subtracted these means from individual trial responses to the moving phase of the grating stimuli and computed the Pearson correlation coefficient of the residuals. Correlations with running speed and pupil diameter were calculated after binning fluorescence, running, and pupil traces in 16 frame bins, equivalent to individual grating presentations. Since cell pairs in our in vitro experiments were selected blindly, without reference to their functional properties, we included all imaged cell pairs in the total, signal, and noise correlation analyses. However, restricting the analysis only to pairs of robustly responsive neurons (R 2 of the fit >0:1, width of direction tuning s Dir < 40 degrees) resulted in a similar degree of overlap in correlation distributions between of AL-AL, AL-PM, and PM-PM projection neuron pairs ( Figure S9 ).
Confidence intervals for mean pairwise correlations were computed as the quantiles of the bootstrap distribution generated by resampling projection neurons with replacement, a more stringent approach than resampling pairs. Similarly, to compare differences in mean correlations between different cell populations, we permuted the cell type labels for individual cells (rather than cell pairs) and measured the fraction of permutation samples that produced absolute differences in mean correlation at least as extreme as those observed in our dataset.
Predictions of connection probability
To estimate the relationship between total correlation and connection probability, we applied our neuropil correlation procedure to data from Cossell et al. using the mean population activity as an estimate of the neuropil signal, before calculating total correlations of responses of individual cell pairs as described above. We then parametrized connection probability c as the logistic function of response correlation r: cðrÞ = 1 1 + expð À kðr À r 0 ÞÞ
This defines connection probability as a sigmoid with a midpoint at r 0 and steepness k. We used logistic regression with the data from Cossell et al. to estimate the values of these parameters and derived confidence intervals for cðrÞ by bootstrap resampling of recorded pairs in the Cossell et al. dataset. We then estimated the predicted connection probability for each population of projection neurons as the average of connection probabilities for individual pairs of neurons based on their total correlations, hcðrÞi.
The analysis above uses the empirical estimates of the relationship between correlation of neuronal responses and synaptic connectivity to answer the question whether differences in activity patterns could explain the low rates of connectivity between AL and PM projection neurons. A more stringent approach would be to select a connectivity rule that produces the lowest rate of connectivity between AL-PM pairs and then ask if this rule is sufficient to explain the observed data.
To do this, we optimize parameters r 0 and k to minimize the connection rate of AL-PM pairs, hc r ALPM ð Þi, while maintaining the connectivity across all pairs, hcðr all Þi, equal to the observed mean rate, c = 51=388z0:13: arg min k;r 0 hc r ALPM ð Þi subject to hc r all ð ÞiÀ c = 0
Optimal parameters, found using fmincon in MATLAB, were k = 217 and c 0 = 0:072. The connectivity rule defined by these parameters is essentially a step function with a threshold at c 0 ( Figure S8 ). This rule satisfies the constraint, predicting mean connectivity of e5 Neuron 100, 1313-1321.e1-e6, December 19, 2018 13%, consistent with the data. However, the predicted connection rate for AL-PM pairs is 10.5%, significantly higher than 4.3% (7/168) connectivity we observed. The probability of observing as few as x = 7 connections among n = 168 pairs with a connection rate c = 10:5% is given by the cumulative binomial distribution Fðx; n; pÞ = 0:0025. Thus, even if we select the connectivity rule so as to minimize the predicted rate of connections between AL and PM projection neurons, the similarity of their responses is very unlikely to account for the dearth of connections we observed.
